The developments in the field of construction raise the need for concrete with less weight. This is beneficial for different applications starting from the less load applied to foundations and soil till the reduction of carnage capacity required for lifting precast units. In this paper, the production of light weight concrete from light local weight aggregate is investigated. Three candidate materials are used: crushed fired brick, vermiculite and light exfoliated clay aggregate (LECA). The first is available as the by-product of brick industry and the later two types are produced locally for different applications. Nine concrete mixes were made with same proportions and different aggregate materials. Physical and mechanical properties were measured for concrete in fresh and hardened states. Among these measured ones are unit weight, slump, compressive and tensile strength, and impact resistance. Also, the performance under elevated temperature was measured. Results show that reduction of unit weight up to 45%, of traditional concrete, can be achieved with 50% reduction in compressive strength. This makes it possible to get structural light weight concrete with compressive strength of 130 kg/cm 2 . Light weight concrete proved also to be more impact and fire resistant. However, as expected, it needs separate calibration curves for non-destructive evaluation. Following this experimental effort, the Artificial Neural Network (ANN) technique was applied for simulating and predicting the physical and mechanical properties of light weight aggregate concrete in fresh and hardened states. The current paper introduced the (ANN) technique to investigate the effect of light local weight aggregate on the performance of the produced light weight concrete. The results of this study showed that the ANN method with less effort was very efficiently capable of simulating the effect of different aggregate materials on the performance of light weight concrete.
Introduction
One of the main disadvantages of using concrete for construction is its high weight. Recent applications of high rise buildings, long span buildings, and precast elements require reduction in weight to keep concrete a competent construction material. Several approaches for reducing concrete weight were introduced as in Ramachandran et al. [1] , ACI [2] , ACI [3] , ACI [4] and Neville [5] . These include production of aerated concrete, light weight aggregate concrete, and cellular concrete. The first type has quite a low strength which makes it unsuitable for structural applications. Cellular concrete is produced from traditional concrete materials with applying advanced technology to produce concrete with aligned voids that do not reduce its structural capacity for a specific application (usually for slabs; where reduction in weight is most appreciated). The application of light weight aggregate is the approach that reduces weight (since aggregate occupies about 70% of concrete volume) and maintains the merit of using traditional techniques of production. The feasibility of applying some material to construction results from its local availability. Therefore, investigation of feasibility of local aggregate for produc-tion of light weight concrete is of great importance. Since light weight aggregate has the merit of heat insulation, search in locally applied aggregate for insulation purposes would shorten the search for suitable light weight aggregate. In Egypt, LECA and crushed fired clay brick (a by-product of brick industry) are used for heat insulation. Therefore, they appear as good candidates for the required investigation. Vermiculite is locally produced fro insulation purpose too. However, its small size suggests its application as a replacement of fine aggregate. It remains to investigate the structural properties of concrete made from these aggregates since they are not usually applied for structural purposes.
It is quite clear from the literature mentioned previously the amount of experimental effort required to accurately investigate and understand the properties of light weight concrete. This fact urged the need for utilizing new technology and techniques to facilitate this comprehensive effort and at the same time preserving high accuracy.
Artificial intelligence has proven its capability in simulating and predicting the behavior of the different physical phenomena in most of the engineering fields. Artificial Neural Network (ANN) is one of the artificial intelligence techniques that have been incorporated in various scientific disciplines. Ramanitharan and Li [6] utilized ANN with back-propagation algorithm for modeling ocean curves that were presented by wave height and period. Tawfik, Ibrahim and Fahmy [7] showed the applicability of using the ANN technique for modeling rating curves with hysteresis sensitive criterion. Abdeen [8] developed neural network model for predicting flow depths and average flow velocities along the channel reach when the geometrical properties of the channel cross sections were measured or vice versa. Allam [9] used the artificial intelligence technique to predict the effect of tunnel construction on nearby buildings which is the main factor in choosing the tunnel route. Allam, in her thesis, predicted the maximum and minimum differential settlement necessary precautionary measures. Azmathullah et al. [10] presented a study for estimating the scour characteristics downstream of a ski-jump bucket using Neural Networks (NN). Abdeen [11] presented a study for the development of ANN models to simulate flow behavior in open channel infested by submerged aquatic weeds. Mohamed [12] proposed an artificial neural network for the selection of optimal lateral load-resisting system for multi-story steel frames. Mohamed, in her master thesis, proposed the neural network to reduce the computing time consumed in the design iterations. Abdeen [13] utilized ANN technique for the development of various models to simulate the impacts of different submerged weeds' densities, different flow discharges, and different distributaries operation scheduling on the water surface profile in an experimental main open channel that supplies water to different distributaries.
Problem Description
To study the effect of light local weight aggregate as well as elevated temperature on the performance of the produced light weight concrete (compressive, tensile, impact, stiffness, and rebound number, ultrasonic pulse velocity), experimental and numerical techniques will be presented in this study. The experimental program and its results will be described in detail in the following sections. The numerical models presented in this study utilized Artificial Neural Network technique (ANN) using the data of the experiments and then can predict the performance of concrete for different mix proportions.
Experimental Program
Ten mixes were planned to be cast. In the first one, Traditional constituents were used (cement, sand, gravel and water). In the rest, coarse aggregate was replaced by one or more light weight aggregates. In these nine mixes, fine aggregate was partially or totally replaced by vermiculite (as a light weight fine aggregate). The slump was measured for all mixes in the fresh state. Hardened concrete was tested to measure 7 & 28 day compressive strength, splitting tensile strength, Modulus of elasticity, Impact resistance, Rebound number, and ultrasonic pulse velocity. Some specimens were subjected to elevated temperature of 40℃ for one hour and tested to get residual compressive strength, Rebound number, and ultrasonic pulse velocity.
Fibers
has a specific gravity of 2.6 and bulk density of 1.7 kg/L.
Gravel
Natural Linen fibers were used in three mixes to evaluate the possible enhancement of properties when fibers are applied. These fibers are widely used in Egypt for decorative elements made from white cement and gypsum pastes. They have average diameter of 0.8 mm and comes in spools. They were cut to a length of 40 mm to be suitable for mixing with concrete constituents.
Desert gravel from Dahshour quarry was used as in Figure 1 . It has maximum nominal aggregate size of 25 mm. It has a specific gravity of 2.5 and bulk density of 1.56 kg/L.
Mix proportions for all ten mixes are shown in Table  1 . The replacement of fine and coarse aggregates (sand and gravel) was made by bulk volume. Mechanical tilting type mixer (140 L capacity) was used where dry materials were mixed first for one minute. Then water was added and mixing continued, for almost two minutes, till a homogeneous mixture was obtained. Some hand mixing was made at the end to resolve the problem of floating LECA.
LECA
Light Exfoliated Clay Aggregate (LECA) which is produced locally in Egypt by National Cement Company was used as a replacement of gravel. LECA particles are almost round with rough texture (Figure 1) . They have maximum nominal size of 25 mm and contain a ratio ranging from 0.4-0.5 (by weight) with particle size in the range 4.76-2.4 mm. LECA has a bulk density of From each mix Specimens in forms of cubes (150 mm), beams (100 × 100 × 500 mm) and cylinders (150 × 0.58 kg/L. 300 mm) were cast in a steel forms. Specimens were covered with plastic sheets in lab for 24 hours and were, then, demolded. Specimens were cured by immersion in tap water at 22C till day of testing or 28 days whichever is less.
Crushed Fire Clay Brick
Crushed fired clay brick is a by-product from brick industry. It has irregular shape but can be crushed to have maximum nominal size of 25 mm as in Figure 1 . The measured bulk density of the crushed brick used in this study is 1.2 kg/L.
Test Results
The test results are explained in details in the following sections. The results of the numerical models and the test ones are drawn together in a same figure for each test to show the power of the models.
Vermiculite
Vermiculite produced by Egyptian Vermiculite Company was used to replace sand. It is usually applied as heat insulator and have a light weight (SG = 0.55). Particles of vermiculite are almost round as shown in Figure 1 and have size in the range of 1-5 mm.
Slump
The Slump was measured for all mixes after unloading of mixer. Test results are shown in Table 2 . One can see that crushed bricks have the worst effect on slump. This can be attributed to its high absorption (10.5%). Also, combination of LECA and vermiculite seems to have an adverse effect on slump.
Bulk Density

LECA Gravel
Bulk density of different concrete mixes was measured on cube specimens in the hardened state after 28 days. Results are shown in Table 2 . One can see that the maximum reduction in weight could be achieved using mix No. 5. This implies that LECA is most efficient in reducing weight of concrete.
Compressive Strength
Crushed Bricks Vermiculite
Compressive strength was measured at two ages: 7 and 28 days. Results are shown in Table 2 for all mixes. 
LECA replaced both fine and coarse aggregates.
(**)
LECA replaced both fine and coarse aggregates. One can see that the most light concrete mixes (4, 5) gives almost 50% of compressive strength of traditional concrete (Mix No. 1). The relationship between strength and density is known to be an inverse proportion. The plot of this relationship for the current study is shown in Figure 2 .
Tensile Strength
Splitting tensile strength tests were made on standard cylinders as shown in Figure 3 . Results are shown in Table 2 for all mixes. One can see, from Table 2 
Impact Strength
Impact tests were made on concrete discs (150 × 100 mm) according to ACI [14] . Results of number of blows till first crack (N1) and number of blows till separation (N2) are shown in Table 2 . It shall be mentioned that N2 can be measured only for fibrous concrete. It can be seen that light weight concrete (LWC) absorbs more energy than normal weight concrete. Part of this is attributed to the high deformability of LWC where the falling hammer caused a significant deformation in surface ( Figure 5 ) which resulted in distribution of energy on larger area. This was not the case for normal weight concrete. Also, one can see the positive effect of adding fibers on impact resistance.
Stiffness (Modulus of Elasticity)
The stiffness of concrete was measured via measuring secant modulus of elasticity (E) on standard cylinders according to ASTM [15] . Results are shown in Table 2 for all mixes. It can be seen that adding of fibers increases 
Non Destructive Evaluation of Concrete
A common evaluation of concrete structure is made via two methods: rebound hammer measurements and ultrasonic pulse velocity measurements as in Malhotra [16] , ACI [17] and ACI [18] . Usually, calibration curves are constructed to correlate the previous measurements with concrete compressive strength. The studied mixes were tested at 7 and 28 days to get the non-destructive measurements on standard specimens. Then specimens were loaded in compression to get their actual compressive Table 3 . Measurements were made at ages of 7 and 28 days. One can see that, generally, there is a slight difference in readings on same concrete at the two ages. Figure 7 shows the correlation between rebound number (RN) cubes and, second, indirect measurements were made at the surface of concrete beams.
Ultrasonic Pulse Velocity
As shown in Figure 8 ultrasonic pulses velocity were measured using Pundit apparatus. Two speeds were measured. First, direct measurement was made through
One can see a slight increase in indirect pulse velocity over the direct one. Figure 9 shows the correlations between pulse velocity (V1) in direct transmission and (V2) in indirect transmission versus concrete compressive strength. Although transmission speed in normal weight concrete is higher than LWC, it seems to follow same correlation with compressive strength as LWC. This is in direct conformance with the accepted fact that both compressive strength and sonic speed are directly proportional to density. 
Effect of Elevated Temperature
One of the known advantages of using LWC is their resistance to elevated temperature. Standard concrete cubes and beams from all tested mixes were exposed to 400C for one hour. Cubes were evaluated via the above mentioned techniques. Then cubes were tested in compression to get the residual compressive strength. Values for the three evaluation methods are shown in Table 4 . One can see that residual strength is higher than 80% for all LWC mixes. For normal weight concrete mixes, the value is almost 50%. This confirms the expected high resistance of LWC to elevated temperature. It shall be mentioned that exposure to elevated temperature was made at ages higher than 28 days and the strength was measured in compression test at the same day of exposure. Values of compressive strength measured before exposure is shown in the second column in Table 4 below. Readings of rebound hammer and ultrasonic pulse velocity, in direct and indirect transmission, are shown in Table 4 too. Graphical Presentation of non-destructive data is made in Figures 10 and 11 higher for indirect transmission since it reflects the integrity of concrete surface that is most affected by exposure.
Numerical Model Structure
Neural networks are models of biological neural structures. Abdeen [8] described in a very detailed fashion the structure of any neural network. Briefly, the starting point for most networks is a model neuron as shown in Figure 12 . This neuron is connected to multiple inputs and produces a single output. Each input is modified by a weighting value (w). The neuron will combine these weighted inputs with reference to a threshold value and an activation function, will determine its output. This behavior follows closely the real neurons work of the human's brain. In the network structure, the input layer is considered a distributor of the signals from the external world while hidden layers are considered to be feature detectors of such signals. On the other hand, the output layer is considered as a collector of the features detected and the producer of the response.
Neural Network Operation
It is quite important for the reader to understand how the neural network operates to simulate different physical problems. The output of each neuron is a function of its inputs (X i ). In more details, the output (Y j ) of the j th neuron in any layer is described by two sets of equations as follows:
For every neuron, j, in a layer, each of the i inputs, X i , to that layer is multiplied by a previously established weight, w ij . These are all summed together, resulting in the internal value of this operation, U j . This value is then biased by a previously established threshold value, t j , and sent through an activation function, F th . This activation function can take several forms such as Step, Linear, Sigmoid, Hyperbolic, and Gaussian functions. The Hyperbolic function, used in this study, is shaped exactly as the Sigmoid one with the same mathematical representation, as in Equation (3), but it ranges from -1 to +1 rather than from 0 to 1 as in the Sigmoid one (Figure 13 )
The resulting output, Y j , is an input to the next layer or it is a response of the neural network if it is the last layer. In applying the Neural Network technique, in this study, Neuralyst Software, Shin [19] , was used.
Neural Network Training
The next step in neural network procedure is the training operation. The main purpose of this operation is to tune up the network to what it should produce as a response. From the difference between the desired response and the actual response, the error is determined and a portion of it is back propagated through the network. At each neuron in the network, the error is used to adjust the weights and the threshold value of this neuron. Consequently, the error in the network will be less for the same inputs at the next iteration. This corrective procedure is applied continuously and repetitively for each set of inputs and corresponding set of outputs. This procedure will decrease the individual or total error in the responses to reach a desired tolerance.
Once the network reduces the total error to the satisfactory limit, the training process may stop. The error propagation in the network starts at the output layer with the following equations:
and,
where, w ij is the corrected weight, w
Simulation Cases
To fully investigate numerically the physical and mechanical properties of concrete with different aggregate materials (crushed fired brick, vermiculite and LECA), several simulation cases are considered in this study. These simulation cases can be divided into two groups. The first group simulates the effect of aggregate type on the performance of concrete: density, compressive, tensile, modulus of elasticity, rebound hammer reading and ultrasonic pulse velocities. The second group simulates the effect of elevated temperature on the performance of concrete with different aggregate materials: compressive strength, rebound hammer reading and ultra sonic pulse velocities.
Neural Network Design
To develop a neural network model to simulate the effect of aggregate type on the performance of concrete, first input and output variables have to be determined. Input variables are chosen according to the nature of the problem and the type of data that would be collected in the field. To clearly specify the key input variables for each neural network simulation groups and their associated outputs, Table 5 is designed to summarize all neural network key input variables and output for the first simulation group, while Tables 6(a) and 6(b) are designed to summarize the key input and output variables for the second simulation group respectively. It can be noticed from Table 5 that the first simulation group consists of seven simulation cases (seven neural network models) to study the effect of aggregate type on the density, compressive strength, tensile strength, modulus of elasticity, rebound hammer reading and ultrasonic pulse velocities. Tables 6(a) and 6(b), for the second simulation group, consists of one neural network model, multi-input and multi-output model, for the case of elevated temperature to 400℃ to study the effect of aggregate type on the compressive strength, rebound hammer reading and ultrasonic pulse velocities.
Several neural network architectures are designed and tested for all simulation cases investigated in this study to finally determine the best network models to simulate, very accurately, the effect of aggregate type as well as elevated temperature on the performance of concrete based on minimizing the Root Mean Square Error (RMSError). Figure 14 shows a schematic diagram for a generic neural network. The training procedure for the developed ANN models, in the current study, uses the data of 9 mixes (1, 2, 4, 5, 6, 7, 8, 9, 10) out of 10 available mixes, and the mix data number 3 is used to test the power of prediction of the neural network models. Here, it is very important to mention that the available data are very limited (one group of results for every mix) and the experimental results are changing significantly with the change of aggregate type. Table 7 shows the final neural network models for the two simulation groups and their associate number of neurons. The input and output layers represent the key input and output variables described previously for each simulation case.
The parameters of the various network models developed in the current study for the different simulation cases are presented in Table 8 , where: (Comp. St.) denotes for compressive strength, (Ten. St.) for tensile using secant modulus of elasticity and (Rn) for rebound number. These parameters can be described with their tasks as follows: Learning Rate (LR): determines the magnitude of the correction term applied to adjust each neuron's weights during training process = 1 in the current study.
Momentum (M): determines the "life time" of a correction term as the training process takes place = 0.9 in the current study.
Training Tolerance (TRT): defines the percentage error allowed in comparing the neural network output to the target value to be scored as "Right" during the training process.
Testing Tolerance (TST): it is similar to Training Tolerance, but it is applied to the neural network outputs and the target values only for the test data.
Input Noise (IN): provides a slight random variation to each input value for every training epoch = 0 in the current study.
Function Gain (FG): allows a change in the scaling or width of the selected function = 1 in the current study.
Scaling Margin (SM): adds additional headroom, as a percentage of range, to the rescaling computations used by Neuralyst Software, Shin (1994) , in preparing data for the neural network or interpreting data from the neural network = 0.1 in the current study.
Raining Epochs: number of trails to achieve the present accuracy.
Percentage Relative Error (PRR): percentage relative error between the numerical results and actual measured value for and is computed according to Equation (6) as follows: PRE = (Absolute Value (ANN_PR -AMV)/AMV) × 100 (6) where: 
Results and Discussions
Numerical results using ANN technique are plotted with the experimental results for the first neural network simulation group (density, tensile strength, modulus of elasticity, rebound hammer reading and ultrasonic pulse velocities) versus 28-days compressive strength as shown in Figures 2, 4 , 6, 7 and 9, respectively. It can be noticed from these figures that ANN technique can accurately simulate the effect of aggregate type on the performance of concrete.
To study the effect of elevated temperature as well as aggregate type on the performance of concrete (compressive strength, rebound hammer reading and ultrasonic pulse velocities), numerically, the second neural network simulation group are prepared as shown in Tables 6(a) and 6(b). The results of this group are plotted with the experimental results in Figures 10 and 11 for 400℃. One can see from these figures (which, also, are drawn between the property and 28-days compressive strength) that ANN technique can accurately simulate the effect of elevated temperature and aggregate type on the performance of concrete.
To check the accuracy of neural network the term PRE is calculated as in Equation (6) for each data point in each model. Then the Max PRE is calculated through each model and reported in Table 8 . It is very clear from the row of Max PRE that this value doesn't exceed 0.6% for the simulation cases in the first group and for the second group (elevated temperature) this value reaches 5% because this group is multi input-multi output model and the available data is very limited.
To check the power of the developed models in the prediction technique, the training step is made using the experimental results of 9 mixes out of the 10 available mixes and date of mix No. 3 is kept for the prediction comparison. It is very clear from the Figures 2, 4, 6 , 7, 9, 10 and 11 and the value of MPRE that the models are very efficient in simulating the effect of aggregate type as well as elevated temperature on the performance of concrete for the 9 mixes of the training step and for the prediction one the numerical results are quite difference from the experimental results specially for compressive strength. That difference in the compressive strength can be understood for two reasons: first, because of the limited number of data (one result group for each mix) as it is mentioned before in a previous section and second, the compressive strength is highly affected by changing the type of aggregate so it needs a lot of data to be simulated. On the other hand, the numerical results for density, tensile strength, rebound number and ultrasonic pulse velocities are very close to the experimental one which confirms the power of the current developed ANN model in the prediction technique.
Conclusions
Through the course of this study, ten concrete mixes of normal and light weight concrete were evaluated. LWC was produced using local processed and recycled aggregates in Egypt. Results showed the potential of the local aggregate to achieve weight reduction of about 40%. However, a corresponding reduction in strength was inevitable. Similar reduction in stiffness was observed too. However, it could be compensated for by applying fiber reinforcement. The application of LWC appeared to be promising in increasing impact and elevated temperature.
The results of implementing the ANN technique in this study showed that this approach was capable of identifying relationship between different uncertain parameters with multiple input/output criterions. The ANN presented in this study was very successful in simulating and predicting the effect of aggregate type and elevated temperature on the performance of concrete.
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